A joint channel estimation and data detection technique for a multiple input multiple output (MIMO) wireless communication system is proposed. It combines the least square (LS) training based channel estimation (TBCE) scheme with sphere decoding. In this new approach, channel estimation is enhanced with the help of blind symbols, which are selected based on their correctness. The correctness is determined via sphere decoding. The performance of the new scheme is studied through simulation in terms of the bit error rate (BER). The results show that the proposed channel estimation has comparable performance and better computational complexity over the existing semi-blind channel estimation (SBCE) method.
Introduction
The demand for high data rate multimedia systems in a wireless scenario is a major driving force for research in the area of multiple input multiple output (MIMO) wireless communication systems. It has been shown that the use of multiple antennas at the transmitter and or the receiver can improve the capacity of the communication system [1] [2] [3] . The simple transmit diversity scheme suggested by Alamouti [4] and the space time coding suggested by Tarokh et al. [5] triggered research in this area. Several transmission schemes that utilize the MIMO channel in different ways have been proposed. These schemes can be categorized as spatial multiplexing, spatial diversity (space-time coding), smart antennas, and beam forming techniques [6] .
The system's ability to achieve MIMO capacity depends on channel state information. Accurately estimating the MIMO channel is much more challenging than doing for the SISO channel [7] . There are a number of channel estimation schemes suggested in the literature on channel estimation for MIMO systems. These schemes can be categorized as training-based channel estimation (TBCE), blind channel estimation (BCE) and semi-blind channel estimation (SBCE). Training based schemes are capable of accurately estimating a MIMO channel, provided a large training overhead is made available. Hence, there is a considerable reduction in system throughput. The least square (LS) and minimum mean square error (MMSE) techniques are widely used for channel estimation when training symbols are available. The LS method is simpler than MMSE but the performance of the MMSE scheme is better. However, the MMSE method requires knowledge about channel correlation. Blind methods do not require the training overhead. These methods not only impose high complexity and slow convergence, but also suffer from unavoidable estimation and decision ambiguities. Semi-blind methods offer attractive practical means of implementing MIMO systems. SBCE schemes use a few training symbols to provide the initial MIMO channel estimation and make use of blind information to further improve the estimation. Some SBCE schemes also exchange the information between the channel estimator and the data detector iteratively.
Several SBCE solutions have been proposed to minimize the computational cost, and hence, the energy spent in channel estimation of MIMO systems. The SBCE schemes suggested in [8, 9] use few training symbols to provide an initial estimate and then the data detector and estimator exchange the information iteratively. In [10] [11] [12] , the MIMO channel matrix is decomposed into whitening and the rotation matrix. The whitening matrix is estimated using blind symbols and the rotation matrix is estimated using few pilot symbols. The OPML estimator shows a 1-dB improvement of bit error rate (BER) compared to the conventional LS training scheme if the same length of training sequence is used. Furthermore, SVD has to be applied twice to obtain the whitening matrix and the rotation matrix. These operations lead to increased computational complexity [13] . In [14] , TBCE and SBCE, considering Perfect, LS, LMMSE, ML, and MAP estimators, are studied in terms of BER and complexity. Subspace based SBCE is discussed in [15, 16] . A linear prediction based semi-blind estimation for the FIR MIMO channel is proposed in [17] . A decision directed iterative channel estimation proposed in [18] improves the computational complexity by avoiding matrix inversion. The number of semi-blind channel estimation schemes are reported for MIMO-OFDM systems as well [19] [20] [21] [22] [23] [24] [25] [26] .
Spatial multiplexing can be used in MIMO systems to achieve a higher transmission rate without allocating a higher bandwidth or increasing transmission power. At the receiver side, the main challenge resides in designing powerful signal processing techniques (i.e., detection techniques) that are capable of separating the transmitted signals. Different research activities have been carried out to show that the spatial multiplexing concept has the potential to significantly increase spectral efficiency [27] . In general, these techniques assume channel knowledge at the receiver and the performance can be further improved when the knowledge of the channel response is available at the transmitter. However, spatial multiplexing does not work well in low SNR environments, as it is more difficult for the receiver to recognize the multiple uncorrelated paths of the signals. The main challenge in the practical realization of MIMO wireless systems lies in the efficient implementation of the detector, which needs to separate the spatially multiplexed data streams. So far, several algorithms offering various tradeoffs between performance and computational complexity have been developed [27] . Several MIMO detection techniques were proposed in the literature on MIMO systems. MIMO detection techniques are categorized as maximum likelihood detectors (MLDs), linear detectors, successive interference cancelation, and tree-search techniques. The MLD has an optimum performance but the complexity of the algorithm increases exponentially with the number of transmitting antennas and the order of modulation, which makes its implementation feasible [28] . The sphere decoding algorithm is used to reduce the computational complexity of MLD. Several sphere decoding algorithms and their implementation aspects are discussed in the literature on MIMO systems [29] [30] [31] . A radius selection algorithm for a sphere decoder is proposed in [32] . The authors of the paper in [33] have studied the simple implementation of the sphere decoding algorithm and its performance for MIMO and MIMO-OFDM systems using it. The authors in [34] studied the performance of spatial multiplexing systems with MLD. This paper proposes a new approach to joint channel estimation and data detection in which the channel is estimated with few training symbols and estimation is enhanced with the help of data detection iteratively. The data detection is carried out via sphere decoding. The performance of the channel estimation is improved with the help of more reliable blind data, which can be identified through sphere decoding technique.
The rest of this paper is organized as follows: Section 2 describes the system model. The design of the proposed estimator is given in Section 3. In Section 4, we share and discuss the simulation results. Finally, the conclusion is given in Section 5.
Throughout our discussions we adopt the following notational conventions. Boldface capital letter and lower-case letters stand for matrices and vectors, respectively. We denoted the identity matrix. 
System Model
Consider a spatial multiplexing based MIMO system shown in Fig. 1 with the M transmit and N receives antennas where, ܰ ≥ ‫.ܯ‬ 
where, ∈ ℂ ெ × ଵ is the transmitted symbol vector and n is the additive white Gaussian noise with zero mean and noise power ߪ ଶ . Also, the sources are assumed to be spatially and temporally independent with identical source power ߪ ௦ ଶ . The system model of Eq. (1) can be given in matrix form as:
Assume that the channel remains constant for K symbol periods. In these K symbols, the first L symbols are used for training. Let these training symbol vectors be = ‫ܠ[‬ ଵ , ‫ܠ‬ ଶ , ‫ܠ‬ ଷ … , ‫ܠ‬ ] where ∈ ℂ ெ× and its corresponding output ∈ ℂ ே× is the received training symbol output vectors. The remaining K − L symbol vectors are blind data symbols and their corresponding output where ∈ ℂ ெ×ି and ∈ ℂ ே×ି .
Proposed Algorithm for Joint Estimation and Detection

Training Based Channel Estimation
The matrix H can be estimated using only training symbols using LS estimation [35] . The LS estimate of the channel , can be obtained by minimizingฮ − ฮ ଶ . Then the LS estimation of H is given by Eq. (2)
where, ற denotes the Moore-Penrose pseudo-inverse of .
Training based channel estimation techniques are easy to implement, but for more accurate channel estimation we require more training symbols. However, redundant training information affects the spectral efficiency. The efficient usage of bandwidth can be achieved through blind methods, but they have a poor convergence rate and require long data records to be processed. Hence, techniques that use a small amount of training symbols with blind data can provide an attractive solution for channel estimation. In joint estimation and data detection, the data decision obtained from the decoding, either hard or soft, is used as additional training to refine the channel estimate [14] and [18] . Algorithm 1 gives the procedure for joint channel estimation and data detection.
Joint Channel Estimation and Data Detection
The above algorithm has the following drawbacks:
i) It assumes that all of the detected symbols to be correctly detected, which is dependent on the number of errors in the transmission. Thus, at low SNR these errors are more and the estimate will be less accurate. At high SNR these errors are relatively lower and the estimate will be more accurate and better. ii) The computational complexity increases as the pseudo-inverse of a large size matrix is to be obtained in every step. iii) The MLD is computationally complex.
The new joint channel estimation and data detection is proposed for estimating the MIMO channel, which eliminates these drawbacks. The sphere decoding technique is used instead of MLD. The computational complexity of sphere decoding is better than MLD and it gives near optimal performance. Instead of considering all of the detected symbols, only a few accurately detected symbols are used for channel estimation so that the inverse of a large size matrix is avoided. The accurately detected symbols can be obtained from the sphere decoder.
Sphere Decoder
Assuming H is known at the receiver, the estimated symbol stream using MLD is given by:
Using the above criterion, MLD compares the received signal with the entire possible transmitted symbol streams, which have undergone the Rayleigh fading. The sphere decoder (SD) algorithm consists of two stages viz. the pre-processing stage and searching stage. Pre-processing such as QR decomposition and lattice reduction transforms the problem so that the complexity of the problem is reduced. The searching stage finds the closest point in the hyper sphere [27] . The SD algorithms can solve the ML detection problem in Eq. (2) by searching over a restricted subset Ω that at least contains the ML solution. The channel matrix H is decomposed into H=QR, where R is the upper triangular and Q has orthogonal columns with unit norms. Hence, the system model in Eq. (1) can be written as,
Where = ு and = ு and the ML problem in Eq. (2) can be written as:
The sphere decoder solves Eq. (5) satisfying the constraint:
The SD algorithm for the solving Eq. (5) can be implemented through a depth first search (DFS) tree traversal using Eq. (6) as pruning criteria to reduce the search. The node at the k-th level represents a sequence of symbols from ‫ݔ‬ ெିାଵ to ‫ݔ‬ ெ counting from the root of the tree, which is at the 0th level. All of the leaf nodes in the tree will represent the full sequence ‫ݔ‬ ଵ to ‫ݔ‬ ெ . The algorithm searches all of the nodes in the tree that will satisfy constraint given in Eq. (6) . The initial choice of the radius decides the performance of the sphere decoding algorithm. Instead of going through every point in the hyper sphere the adaptive sphere decoding algorithm remembers the currently closest point and compares it with a new point to determine whether the new point is closer than the known one. This algorithm keeps on updating the sphere radius to avoid searching the unnecessary lattice points.
The final radius with which we make a decoding decision can give us information about how accurate our detection is. The smaller the radius the more accurate our decision can be. Algorithm 1 uses all of the blind symbols irrespective of whether the symbols are detected correctly or not to estimate the channel. This paper proposes a new approach to improve the computational complexity without sacrificing the performance. We can use a fewer number of blind symbols, which are more accurately detected. Hence, we can select symbols detected with lower radius. Algorithm 2 illustrates this. Since we are using few training symbols and blind data for channel estimation it is a SBCE approach. 1. Estimate of H0( ) using Eq. (2) 2. Set i=1 3. Detect transmitted data using Hi-1 and blind received data with the adaptive sphere decoding algorithm 4. Sort and in ascending order based on their final search radius 5. Select the first n symbols from and store them in , where n is a fraction of total symbols. 6. Store corresponding symbols from and store them in 7. Estimate channel Hi with as pilots using Eq. (2).
Increment i=i+1 9. Repeat steps 3 to 8 until i<= req_iterations
Since we are using very few detected symbols as pilots, the computational complexity of the algorithm is better than Algorithm 1. For the low SNR, more reliable detected symbols are used for channel estimation; hence, the error performance will be better.
Results
Extensive simulations were carried out in MATLAB 7.8 to test the performance of the proposed channel estimator and they were compared with the estimator of [14] . The simulation was carried out for 2×4 MIMO systems (two transmitting and four receiving antennas) under the flat fading channel. The spatial multiplexing MIMO system with M-QAM modulation is used for this study. The sphere decoder with an adaptive radius search is used for the detection of symbols Experiment 1: First we tested the BER performance of the 2×4 MIMO system using Algorithm 1. In simulation scenarios, 4-QAM data modulation is used with the Rayleigh flat fading MIMO channel. In the simulation, a transmitted frame consists of four orthogonal pilots (L) and 100 blind symbols (K -L). The BER is calculated by averaging over 100 rounds of simulation for different values of Eb/No. Fig. 2 shows the BER performance with this setup. The PCE plot shows BER performance with a perfect channel. The TBCE plot shows the BER performance with channel estimation that was obtained using training symbols alone. The SBCE 1 iteration plot shows BER performance with the channel estimate that was obtained using training and all blind symbols. In this case, the channel estimate from training symbol is used to detect blind data. Using this data as pilots, channel estimation is enhanced. In the SBCE 4 iteration plot, the procedure of blind data detection and channel estimation is repeated four times.
Fig. 2. BER performance of 2×4 MIMO system with joint channel estimation and data detection (SBCE)
for Algorithm 1. BER=bit error rate, MIMO=multiple input multiple output, PCE=perfect channel estimation, SBCE=semi-blind channel estimation, TBCE=training based channel estimation. 3 shows the normalized mean square error (NMSE) for various channel estimations for the same simulation setup, as described above.
The results shown in Figs. 2 and 3 depict that the joint channel estimation and data detection approach of Algorithm 1 has very good performance in terms of BER and NMSE. The performance improves as the number of iterations is increased. But the computational complexity of this approach is very high as the inverse of a large matrix is to be obtained and high complexity detection is required in each iteration.
Experiment 2:
In this experiment, we tested the BER performance of the 2×4 MIMO system using Algorithm 2. In simulation scenarios, 4-QAM data modulation is used with Rayleigh flat fading MIMO channel. In the simulation, a transmitted frame consists of four orthogonal pilots (L) and 100 blind symbols (K -L). The BER is calculated by averaging over 100 rounds of simulation for different values of Eb/No. For a given Eb/No value, the initial estimation is obtained using pilots. Then, 40% of the detected symbols (i.e., 40 out of 100 blind symbols) with the lower final search radius are used for obtaining channel estimation in the subsequent iterations. The performance is compared with channel estimation that is obtained by using entire blind data. The experiment is repeated for 50%, 60%, and 80% of the detected symbols with a lower final search radius. 5 . BER performance of 2×4 MIMO system with PCE, TBCE and joint channel estimation and data detection with 100% and 50% detected symbols (Algorithm 2). BER=bit error rate, MIMO=multiple input multiple output, PCE=perfect channel estimation, SBCE=semi-blind channel estimation, TBCE= training based channel estimation. Fig. 4 shows the BER performance of the 2×4 MIMO system with joint channel estimation and data detection where 40% of the detected symbols with lower final search radius are utilized for channel estimation. The BER performance of PCE, TBCE, and SBCE with all of the data is also plotted for comparison. It can be seen that there is a slight degradation of performance with the new approach. The channel estimate is obtained with a single iteration. Fig. 5 shows the BER performance of the 2×4 MIMO system with joint channel estimation and data detection where 50% of the detected symbols are utilized for enhancing the channel estimation. The BER performance of PCE, TBCE, and SBCE with all of the data is also plotted for comparison. Figs. 6  and 7 show the BER performance with 60% and 80% of the detected symbols with a lower final search radius. Fig. 6 . BER performance of 2×4 MIMO system with PCE, TBCE and joint channel estimation and data detection with 100% and 60% detected symbols (Algorithm 2). BER=bit error rate, MIMO=multiple input multiple output, PCE=perfect channel estimation, SBCE=semi-blind channel estimation, TBCE= training based channel estimation. Fig. 7 . BER performance of 2×4 MIMO system with PCE, TBCE and joint channel estimation and data detection with 100% and 80% detected symbols (Algorithm 2). BER=bit error rate, MIMO=multiple input multiple output, PCE=perfect channel estimation, SBCE=semi-blind channel estimation, TBCE= training based channel estimation.
The results show that with 50% of the chosen detected symbols it is possible to estimate the channel. This can result in the same performance as obtained with 100% of the detected symbols.
The simulations using Algorithm 2 were carried out with single iterations. The performance of the 2×4 MIMO system with Algorithm 2 was also studied with four iterations. Fig. 8 shows the BER performance with PCE, TBCE, joint CE, and data detection using 60% and 100% of the detected symbols with a lower final search radius. Fig. 8 . BER performance of 2×4 MIMO system with PCE, TBCE and joint channel estimation and data detection for 100% and 60% detected symbols using 4 iterations (Algorithm 2). BER=bit error rate, MIMO=multiple input multiple output, PCE=perfect channel estimation, SBCE=semi-blind channel estimation, TBCE=training based channel estimation.
The results obtained indicate that an increase in the number of iterations improves the performance of the system. The channel estimation with 60% of the detected symbols with a lower final search radius results into almost the same performance as that with 100% of the detected symbols. Fig. 9 . BER performance of 4×8 MIMO system with PCE, TBCE and joint channel estimation and data detection for 100% and 60% detected symbols using 4 iterations (Algorithm 2). BER=bit error rate, MIMO=multiple input multiple output, PCE=perfect channel estimation, SBCE=semi-blind channel estimation, TBCE=training based channel estimation.
The BER performance of the 4×8 MIMO system using Algorithm 2 was also studied. In simulation scenarios, 4-QAM data modulation is used with the Rayleigh flat fading MIMO channel. In the simulation, a transmitted frame consists of eight orthogonal pilots (L) and 200 blind symbols (K -L). The BER is calculated by averaging over 50 rounds of simulation for different values of Eb/No. For a given Eb/No value, initial estimation is obtained using pilots. Then, 60% of the detected symbols with a lower final search radius are used for obtaining channel estimation in the subsequent iterations. The performance is compared with the channel estimation that was obtained by using all of the blind data along with PCE and TBCE, as plotted. Fig. 9 shows the BER performance for this set up. There is a slight degradation of performance between the estimated channel with 60% of the detected symbols with a lower final search radius and 100% of the detected symbols. It was observed that the BER performance of the 2×4 MIMO and 4×8 MIMO systems is almost similar. This is because the BER performances are plotted in the low SNR regime where the number of errors will be more in the case of 4×8 MIMO than that of the 2×4 MIMO system as compared to a higher SNR regime. But as far as spectral efficiency is concerned, note that we are transmitting double the number of bits in the 4×8 MIMO system as compared to the 2×4 MIMO system with the same available bandwidth. For example, if we are transmitting 10,000 bits per second with the 2×4 MIMO system then accounting for the errors we are transmitting 10,000 -1,490 = 8,590-bits per second with a perfect channel estimator. If we use a 4×8 MIMO system to transmit the same information, 20,000-bits per second can be transmitted and, taking errors into account, 20,000 -4,080 = 15,920 bits per second are transmitted effectively. Thus, the capacity of the 4×8 MIMO system is more than the 2×4 MIMO system. If we find the BER performance in a high SNR regime, the 4×8 MIMO will perform better than the 2X4 MIMO provided that perfect channel estimation is available. Table 1 shows the BER performance of the 2×4 MIMO and 4×8 MIMO systems for the proposed algorithm (Algorithm 2) with 60% of the detected symbols. It can be seen from the table that the performance of the 4×8 MIMO is better than the 2×4 MIMO in terms of BER after Eb/No =6 dB. 
Conclusion
A new approach to joint channel estimation and detection for the MIMO wireless communication system has been proposed in this paper. It uses few training symbols for initial estimation and 50%-60% of the blind symbols to further enhance the estimate. The sphere decoding method is utilized to select these blind symbols. Thus, computational complexity is reduced by 40%-50%; whereas, the performance is comparable to schemes that utilize 100% of the symbols. The BER performance of the 2×4 MIMO and 4×8 MIMO systems under the Rayleigh flat fading channel has been tested using the proposed approach. The channel estimate obtained using the proposed approach is found to be comparable with existing schemes that use few training symbols and 100% of the blind symbols.
The computational complexity of the proposed method is still higher than the existing semi blind channel estimation techniques. The future work in this area will involve further reduction in computational complexity with a better sphere decoding algorithm. The method can also be extended to MIMO-OFDM systems. 
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